The risk of many complex diseases is determined by a complex interplay of genetic and environmental factors. Advanced next generation sequencing technology makes identification of gene-environment (GE) interactions for both common and rare variants possible. However, most existing methods focus on testing the main effects of common and/or rare genetic variants. There are limited methods developed to test the effects of GE interactions for rare variants only or rare and common variants simultaneously. In this study, we develop novel approaches to test the effects of GE interactions of rare and/or common risk, and/or protective variants in sequencing association studies. We propose two approaches: 1) testing the effects of an optimally weighted combination of GE interactions for rare variants (TOW-GE); 2) testing the effects of a weighted combination of GE interactions for both rare and common variants (variable weight TOW-GE, VW-TOW-GE). Extensive simulation studies based on the Genetic Analysis Workshop 17 data show that the type I error rates of the proposed methods are well controlled. Compared to the existing interaction sequence kernel association test (ISKAT), TOW-GE is more powerful when there are GE interactions' effects for rare risk and/or protective variants; VW-TOW-GE is more powerful when there are GE interactions' effects for both rare and common risk and protective variants. Both TOW-GE and VW-TOW-GE are robust to the directions of effects of causal GE interactions. We demonstrate the applications of TOW-GE and VW-TOW-GE using an imputed data from the COPDGene Study.
Introduction 1 etiology of complex human diseases. Numerous statistical methods have been developed 22 for testing the main effects of rare variants, such as the sequence kernel association test 23 (SKAT) [5] , the combined multivariate and collapsing (CMC) method [6] , the weighted 24 sum statistic (WSS) [7] , and Testing the effect of an Optimally Weighted combination of 25 variants (TOW) [8] . 26 To our knowledge, limited methods have been developed for testing GE interactions 27 in sequencing association studies. Existing methods for assessing common variants by 28 environment interactions, such as the gene-environment interactions association test 29 (GESAT) [9] are less powerful when naively applied to rare variants [10] . To test rare 30 variants by environment interactions, [10] developed the interaction sequence kernel 31 association test (ISKAT) to assess the effects of rare variants by environment 32 interactions. As ISKAT considers the special weights Beta(MAF; 1, 25), the beta 33 distribution density function with parameters 1 and 25 evaluated at the sample MAF, 34 which is the recommended weight for ISKAT when there is no prior information, ISKAT 35 may lose power when the MAFs of causal variants are not in the range (0.01,0.035) [11] . 36 In this article, to test for rare and/or common variants and environment interactions 37 in sequencing association studies, we develop two novel methods: 1) Testing the 38 Optimally weighted combination of GE interactions for rare variants (TOW-GE); 2) 39 testing effects of weighted combination of GE interactions for both rare and common 40 variants (variable weight TOW-GE, refer to this statistic as VW-TOW-GE). Both 41 TOW-GE and VW-TOW-GE are robust to directions of effects of causal GE 42 interactions. We evaluate the performance of the proposed methods via simulation 43 studies and real data analysis using the imputed sequencing data from the COPDGene 44 Study. 45 
Methods

46
Consider n unrelated individuals sequenced in a testing region with m genetic variants. 47 In the testing region, we are interested in testing the effects of p rare variants (p<m) by 48 environment interactions on a trait, which can be a quantitative or qualitative trait. For 49 ease of presentation, we only consider a single environmental factor. The method can be 50 easily extended to the case when there are multiple environmental factors. For 51 individuals i = 1, . . . , n, let y i denote the trait, X i = (x i1 , . . . , x iq ) T denote the q 52 covariates, G i = (g i1 , . . . , g ip ) T denote genotypes for the p rare variants in a genomic 53 region (a gene or a pathway) and E i as the environmental factor. Let 54 S i = (E i g i1 , . . . , E i g ip ) T be a vector of variants by environment interaction terms for 55 the i th individual. 56 We use the generalized linear model (GLM) to model the relationship between the trait values y i and covariates X i , genotypes G i , environmental factor E i and GE October 4, 2019 2/14 interactions, S i : 
Testing the association between the 63 trait and the rare variants by environment interactions is equivalent to testing the null 64 hypothesis H 0 : β = 0.
65
We develop a score test by treating α as nuisance parameters and then adjust both 66 the trait value y i and S i for the covariates X i , the genotypic score G i , and the 67 environmental variable E i by applying linear regression. Denoteỹ i as the residual of y i 68 and S i = (s i1 , . . . ,s ip ) as the residual of S i , regressed on X i . Then, the relationship 69 betweenỹ i and S i can be modeled by the GLM:
Testing H 0 : β = 0 in (1) is equivalent to testing H 0 : β * = 0 in (2) (Sha et al., [8] ).
Here, we utilize a weight selection scheme proposed by Sha et al. [8] on our new model to test the effect of a weighted combination of GE,s i = p j=1 w jsij . Following Sha et al. [12] , we propose the following score test statistic under the generalized linear model:
Because GE interactions for rare variants are essentially independent, we have:
Thus, as a function of (w 1 , . . . , w p ), the score test statistic S(w 1 , . . . , w p ) reaches its
Similarly, we define the statistic to Test the effect of the Optimally Weighted 74 combination of GE interactions (TOW-GE), p j=1 w 0 js ij , as:
which is equivalent to S 0 (w 0 1 , . . . , w 0 p ), where n i=1 (ỹ i −ỹ) 2 can be viewed as a constant 76 when we use a permutation test to evaluate p-values.
The optimal weight w 0 j is equivalent to w 0 * j = ρ(ỹ,s j )/ n i=1 (s ij −s j ) 2 , where 78 ρ(ỹ,s j ) is the correlation coefficient betweenỹ = (ỹ 1 , . . . ,ỹ n ) ands j = (s 1j , . . . ,s nj ).
79
From the expression of w 0 * j , we can see that it is proportional to ρ(ỹ,s j ) and thus w 0 j 80 will put large weights to the GE interactions that have strong associations with the trait 81 and also adjust for the direction of the association. Simultaneously, w 0 * j is proportional 82 to 1/ n i=1 (s ij −s j ) 2 and w 0 j will put large weights to GE interactions with small 83 variations which are common in GE interactions for rare variants.
84
TOW-GE focuses primarily on rare variants by environment interactions and it may 85 lose power because of the small weights on common variants by environment 86 interactions. Thus, to test the GE interactions' effects of both rare and common 87 variants, we propose the following variable weight TOW-GE denoted as VW-TOW-GE. 88 We first divide GE interactions into two parts based on rare or common variants and 89 then we apply TOW-GE to the two parts separately. Let
where T r and T c denote the test statistics of 91 TOW-GE for GE interactions' effects of rare and common variants, respectively. λ is a 92 tuning parameter. Denote p λ as the p-value of T λ , and then the test statistic of
In this study, we use a 94 simple grid search method to choose the tuning parameter λ and minimize the p-value. 95 Divide the interval [0, 1] into K subintervals of equal-length. Let λ k = k/K for 96 k = 0, 1, ..., K. Then, min 0≤λ≤1 p λ = min 0≤k≤K p λ k .
97
The p-value of T V W −T OW −GE can be evaluated by permutation tests following similar permutation tests for variable weight TOW (VW-TOW) proposed by [8] . Suppose that we perform B times of permutations. In each permutation, we randomly shuffle the trait values. Let T 
We compared the performance of our proposed methods with the interaction sequence 99 kernel association test (ISKAT) [10] , the modified WSS for testing the effects of GE 100 interactions [7] and the modified CMC method for testing the effects of GE 101 interactions [6] . In this study, the rank sum test used by WSS and the T 2 test used by 102 CMC were replaced with the score test based on residualsỹ i ands ij . The empirical Q 1 which follows a normal distribution, we chose gene ELAV L4 in our simulation 107 study. Gene ELAV L4 has 10 variants, containing 8 rare variants and 2 common 108 variants. Rare variants in the simulation are defined with MAF < 0.05.
109
To evaluate type I error, we generate trait values independent of GE interactions (e.g. β 1 = 0 and β c = 0) by using the model:
where 1 follows a normal distribution with mean as 0 and variances as σ 2 1 = 1; 110 α 1 = 0.015; S is GE interactions for rare variants and S c is GE interaction for a 111 common variant. We consider two covariates: a standard normal covariate X 1 and a 112 binary covariate X 2 with P (X 2 = 1) = 0.5. The environmental factor E is assumed to 113 be continuous following a standard normal distribution.
114
For type I error evaluation, we consider two different cases: 1) testing the effects of 115 GE interactions for rare variants ; 2) testing the effects of GE interactions for both rare 116 and common variants. For each case, we consider two scenarios: (a) with main effect; 117 (b) without main effect in the model. When the main effects exist, we set the 118 magnitudes of vector α 2 as 0.3 and the sign of each coefficient is random sampled from 119 (−1, 1). When main effects do not exist, we set α 2 = 0.
120
For power comparisons, the phenotype is generated using similar settings to type I 121 evaluation except for existing GE interactions' effects. We compare the power of 122 TOW-GE, ISKAT, WSS and CMC to test rare variant GE interactions' effects 123 considering two scenarios: (a) including main effects, α 2 = 0 for rare variants; (b) no 124 main effects, α 2 = 0 for rare variants. We vary the number of non-zero in the vector β i , 125 the proportion of non-zero in β i that are positive, and the magnitudes of the non-zero 126 β ij . We set the magnitudes of the non-zero β ij 's as |β ij | = c, and increase c from 0.1 to 127 0.5. In each simulation scenario, p-values are estimated by 10,000 permutations and 128 1,000 replicated samples.
129
Simulation results
130
The empirical type I error rates are shown in Table 1 and Table 2 . For 10,000 replicated 131 samples, the 95% confidence intervals for type I error rates of nominal levels as 0.05, 132 0.01 and 0.001 are (0.046, 0.054), (0.008, 0.012) and (0.0004, 0.0016), respectively.
133
When there are (a) main effects, e.g. α 2 = 0, TOW-GE, VW-TOW-GE, ISKAT and 134 WSS control type I error rates well and the burden test CMC tends to have very 135 conservative type I error rates (top panel of Table 1 and Table 2 ). When there are (b) 136 no main effects. e.g. α 2 = 0, all methods can control type I error rates well (bottom 137 panel of Table 1 and Table 2 ).
138
The results for testing the effects of GE interactions of rare variants when including 139 main effect and no main effect are given in Figure 1 and Figure 2 , respectively. In both 140 of these two scenarios, we consider the sample size as 2000 without a GE interaction of a 141 common variant. We do not apply VW-TOW-GE here because it is designed for existing 142 GE interactions' effects of both common and rare variants. The top, middle, and 143 bottom panels in Figure 1 and 2 provide results for three cases, e.g. when there are 2, 6 144 and 8 non-zero β ij 's, respectively. The left and right panels of Figure 1 and 2 present for 145 two cases, e.g. 50% of the β ij are positive and 100% of the β ij are positive, respectively. 146 For each plot, we vary c, the magnitudes of the non-zero β ij . As shown in the four plots 147 for the case when 50% of the β ij are positive, TOW-GE is more powerful than the other 148 three tests. For the case when 100% of the β ij are positive, WSS is relatively more 149 powerful than TOW-GE since all the GxEs have the same direction of effects.
TOW-GE is more powerful than the other two tests. However, WSS is very sensitive to 151 the directions of effects due to aggregation of GE interactions directly. Among the four 152 tests (TOW-GE, ISKAT, WSS and CMC) in the two different cases, CMC is the least 153 powerful test. CMC loses power as it gives GE interactions of common variants large 154 weights, and thus GE interactions of common neutral variants will introduce large noise. 155 Power comparisons of the five tests (TOW-GE, VW-TOW-GE, ISKAT, WSS and 156 CMC) for testing GE interaction effects for both rare and common variants are given in 157 Figure 3 . For each scenario in Figure 3 , we vary c from 0.02 to 0.1 and set 50% of the 158 β ij as positive. Simultaneously, we set the coefficient of a common variant by 159 environment interaction β c i as positive and the magnitudes of β c i as twice of β ij which is 160 the coefficient of a rare variant by environment interaction. From Figure 3 , we can see 161 that VW-TOW-GE is the most powerful test. CMC is the second most powerful test as 162 CMC puts large weights on GE interactions of common variants and gains power 163 increment when the GE interaction of a common variant plays an important role as the 164 causal effect. WSS is the least powerful test, which loses power because it puts very 165 small weight on the GE interaction of the common variant.
166
TOW-GE, VW-TOW-GE, and ISKAT can all be considered as quadratic statistics 167 which have reasonable power across a wide range of alternative hypothesis. The three 168 methods are robust to the different directions of the GE interaction effects. We perform 169 a further assement for the three methods. Figure 4 shows the results. When there are 170 causal effects of GE interactions for both common and rare variants, VW-TOW-GE 171 outperforms TOW-GE and ISKAT. TOW-GE is more powerful than ISKAT except 172 when the magnitude of the GE interactions is less than 0.04.
173
Real data analysis 174 Chronic obstructive pulmonary disease (COPD) is one of the most common lung 175 diseases characterized by long term poor airflow and is a major public health 176 problem [13] . It is a complex disease which is influenced by genetic factors, 177 environmental influences, and genotype-environment interactions. We have known that 178 cigarette smoking is the major environmental determinant of COPD [14] . Several genes 179 have been suggested to play a role in the presence of a gene-by-smoking interaction term. 180 Specifically, [15] reported that the 30-repeat allele of HM OX1 was associated with 181 COPD in presence of a gene-by-smoking (pack-years) interaction term. [14] presented 182 that the GST M 1 gene was associated with severe chronic bronchitis in heavy smokers. 183 The COPDGene Study is a multi-center genetic and epidemiologic investigation to 184 study COPD [16] . This study is sufficiently large and appropriately designed for 185 analysis of COPD. In this study, we consider more than 5,000 non-Hispanic Whites We imputed the COPD genotype data using the EUR haplotypes from the 1000 194 Genome Project as references.
195
Based on the literature of COPD [17, 18] , we selected 7 key quantitative 196 COPD-related phenotypes, including FEV1 (% predicted FEV1), Emphysema (Emph), 197 Emphysema Distribution (EmphDist), Gas Trapping (GasTrap), Airway Wall Area tables). 3 covariates, including BMI, Age and Sex and one environmental factor 201 (Pack-Years) were considered in our analysis. EmphDist is the ratio of emphysema at 202 -950 HU in the upper 1/3 of lung fields compared to the lower 1/3 of lung fields where 203 we did a log transformation on EmphDist in the following analysis, referred to [17] . In 204 the analysis, participants with missing data in any of these phenotypes were excluded. 205 To evaluate the performance of our proposed method on a real data set, we applied 206 all of the 5 methods (TOW-GE, ISKAT, WSS ,CMC, and VW-TOW-GE) to two 207 COPD associated genes (HM OX1 and GST M 1) through an interaction with cigarette 208 smoking. In the analysis, we removed the extreme rare SNPs (MAF<0.001) in any 209 genotypic variants and missing value in any of the 7 phenotypes and 3 covariates. We gene. We adopted 10 4 permutations for our methods and used 0.05 as the significance 215 level. The results for testing association between COPD and gene HM OX1 and 216 GST M 1 are summarized in Table 3 . At gene HM OX1, both TOW-GE and modified 217 WSS verified significant GE intecation effects and with main effect for two traits Emph 218 and Pi10, ISKAT and VW-TOW-GE verified significant GE intecation effects and 219 without main effect for trait Emph.
220
Discussion
221
Recent evidence shows that gene-environment interactions of rare variants may play an 222 important role in explaining the etiology of a complex disease. However, there are 223 limited methods that can be employed to test the effects of GE interactions for rare 224 variants. In this study, we propose two new methods for testing GE interactions for rare 225 variants only or for both rare and common variants. We employ a generalized linear 226 model to model the relationship between the trait and the GE interactions. Our model 227 focuses on GE interactions by first adjusting for genetic main effects, enviroumental 228 main effects, and possible covariates. Two methods are designed for different scenarios 229 through specific weigh-selection mechanisms. TOW-GE assigns the majority of weights 230 on rare variants by environment interactions. VW-TOW-GE balances common and rare 231 variants by performing weight assignments separately for common variants by 232 environment interactions and rare variants by environment interactions. Both methods 233 achieve the best possible power with an adaptive weight selection procedure.
234
In the application, we have tested genetic association for 7 traits of COPD. Our 235 proposed methods verified the most significant GE interactions, especially for 236 gene-by-smoking interactions without main effect and performs the best compared to 237 other methods. In simulation studies, we also demonstrated that our proposed methods 238 perform better in different scenario: with main effect and without main effect. Our 239 results show that the proposed methods TOW-GE or VW-TOW-GE demonstrate better 240 power in most cases compared with competing methods.
241
The power of a test varies according to the number of GE interactions of rare or 242 common variants, the effect directions of GE interactions, and the MAFs of variants.
243
When substantial of GE interactions have opposite directions of effects, the quadratic 244 statistics TOW-GE, VW-TOW-GE, and ISKAT are powerful. When effects of GE 245 interactions of common variants play a primary role, CMC is more powerful than 246 ISKAT, WSS, and has similar power to VW-TOW-GE.
247
In our proposed method, the optimal weights of TOW-GE are derived analytically; 248 thus the computations cost is relatively small. On the other hand, TOW-GE is flexible 249 and allows for prior biological information to be incorporated by using flexible weights, 250 such as weights derived from the expression quantitative trait locus (eQTL), which may 251 further improve the power of TOW-GE. In addition, TOW-GE allows for adjustment of 252 covariates. The covariates could be demographic variables, environmental variables, 253 clinical variables, and/or principle components of genotype scores. The adjustment of 254 covariates makes TOW-GE not only able to eliminate the effect of confounders but also 255 able to correct for possible population stratification in admixed populations. One 
